Introduction
Networks have attracted a burst of attention in the last decade (useful reviews include references [1, 9, 15, 28] ), with applications to natural, social, and technological systems. While networks provide a powerful abstraction for investigating relationships and interactions, the preparation and analysis of complex real-world networks nonetheless presents significant challenges. In particular social networks are characterized by a large number of different properties and generation mechanisms which require a rich set of indicators. The objective of the current study is to analyze large social networks with respect to their community structure and mechanisms of network formation. As a case study, we consider networks derived from the European Union's Framework Programs (FPs) for Research and Technological Development.
The EU FPs were implemented to follow two main strategic objectives: First, strengthening the scientific and technological bases of European industry to foster international competitiveness and, second, the promotion of research activities in support of other EU policies. In spite of their different scopes, the fundamental rationale of the FPs has remained unchanged. All FPs share a few common structural key elements. First, only projects of limited duration that mobilize private and public funds at the national level are funded. Second, the focus of funding is on multinational and multi-actor collaborations that add value by operating at the European level. Third, project proposals are to be submitted by self-organized consortia and the selection for funding is based on specific scientific excellence and socio-economic relevance criteria [33] . By considering the constituents of these consortia, we can represent and analyze the FPs as networks of projects and organizations. The resulting networks are of substantial size, including over 50 thousand projects and over 30 thousand organizations.
We have general interest in studying a real-world network of large size and high complexity from a methodological point of view. Furthermore, socioeconomic research emphasizes the central importance of collaborative activities in R&D for economic competitiveness (see, for instance, reference [16] , among many others). Mainly for reasons of data availability, attempts to evaluate quantitatively the structure and function of the large social networks generated in the EU FPs have begun only in the last few years, using social network analysis and complex networks methodologies [2, [6] [7] [8] 34] . Studies to date point to the presence of a dense and hierarchical network. A highly connected core of frequent participants, taking leading roles within consortia, is linked to a large number of peripheral actors, forming a giant component that exhibits the characteristics of a small world.
We augment the earlier studies by applying a battery of methods to the most recent data. We begin with constructing the network, discussing needed processing of the raw data in section 2 and continuing with the network definition in section 3. We next examine the overall network structure in section 4, showing that the networks for each FP feature a giant component with highly skewed degree distribution and small world properties. We follow this with an exploration of community structure in sections 5 and 6, showing that the networks are made of heterogeneous subcommunities with strong topical differentiation. Finally, we investigate determinants of network formation with a binary choice model in section 7; this is similar to a recent analysis of Spanish firms [4] , but with a focus on the European level and on geographic and network effects. Results are summarized in section 8.
Data Preparation
We draw on the latest version of the sysres EUPRO database. This database includes all information publicly available through the CORDIS projects database 1 and is maintained by ARC systems research (ARC sys). The sysres EUPRO database presently comprises data on funded research projects of the EU FPs (complete for FP1-FP5, and about 70% complete for FP6) and all participating organizations. It contains systematic information on project objectives and achievements, project costs, project funding and contract type, as well as information on the participating organizations including the full name, the full address and the type of the organization.
For purposes of network analyses, the main challenge is the inconsistency of the raw data. Apart from incoherent spelling in up to four languages per country, organizations are labelled inhomogeneously. Entries may range from large corporate groupings, such as EADS, Siemens and Philips, or large public research organizations, like CNR, CNRS and CSIC, to individual departments and labs.
Due to these shortcomings, the raw data is of limited use for meaningful network analyses. Further, any fully automated standardization procedure is infeasible. Instead, a labor-intensive, manual data-cleaning process is used in building the database. The data-cleaning process is described in reference [34] ; here, we restrict discussion to the steps of the process relevant to the present work. These are:
1. Identification of unique organization name. Organizational boundaries are defined by legal control. Entries are assigned to appropriate organizations using the more recently available organization name. Most records are easily identified, but, especially for firms, organization names may have changed frequently due to mergers, acquisitions, and divestitures.
2. Creation of subentities. This is the key step for mitigating the bias that arises from the different scales at which participants appear in the data set. Ideally, we use the actual group or organizational unit that participates in each project, but this information is only available for a subset of records, particularly in the case of firms. Instead, subentities that operate in fairly coherent activity areas are pragmatically defined. Wherever possible, subentities are identified at the second lowest hierarchical tier, with each subentity comprising one further hierarchical sub-layer. Thus, universities are broken down into faculties/schools, consisting of departments; research organizations are broken down into institutes, activity areas, etc., consisting of departments, groups or laboratories; and conglomerate firms are broken down into divisions, subsidiaries, etc. Subentities can frequently be identified from the contact information even in the absence of information on the actual participating organizational unit. Note that subentities may still vary considerably in scale.
3. Regionalization. The data set has been regionalized according to the European Nomenclature of Territorial Units for Statistics (NUTS) classification system 2 , where possible to the NUTS3 level. Mostly, this has been done via information on postal codes.
Due to resource limitations, only organizations appearing more than thirty times in the standardization table for FP1-FP5 have thus far been processed. This could bias the results; however, the networks have a structure such that the size of the bias is quite low (see reference [34] ).
Additionally, we make use of a representative survey 3 of FP5 participants 4 . The survey focuses on the issues of partner selection, intra-project collaboration, and output performance of EU projects on the level of bilateral partnerships, including individuals as well as organizations. As the survey was restricted to small collaborative projects (specifically, projects with a minimum of two and a maximum of 20 partners), the survey addresses a subset of 9,107 relevant (59% of all FP5) projects. It yielded 1,686 valid responses, representing 3% of all (relevant) participants, and covering 1,089 (12% of all relevant) projects. participants in those projects. An organization is linked to a project if and only if the organization is a member of the project. Since an edge never exists between two organizations or two projects, the network is bipartite. The network edges are unweighted; in principle, the edges could be assigned weights to reflect the strength of the participation, but the data needed to assign the network weights is not available.
We will also consider, for each FP, the projections of the bipartite networks onto unipartite networks of organizations and projects. The organization projections are constructed by taking the organizations as the vertices, with edges between any organizations that are at distance two in the corresponding bipartite network. Thus, organizations are neighbors in the projection network if they take part in one or more projects together. The project projections are similar, with projects vertices linked when they have one or more participants in common. While the construction of the projection networks intrinsically loses information available in the bipartite networks, they can nonetheless be useful.
For the binary choice model, we construct another network using crosssection data on 191 organizations that are selected from the survey data. We employ the collaboration network of the respondents on the organization level (this network comprises 1,173 organizations collaborating in 1,089 projects) and extract the 2-core [14] of its largest component (203 organizations representing 17% of all vertices) 5 . Finally, another 12 organizations are excluded due to non-availability of geographical distance data, so that we end up with a sample of 191 organizations.
Network Structure
We first consider the bipartite networks for each of the FP networks. Call the size of an organization the number of projects in which it takes part, and similarly call the size of a project the number of constituent organizations taking part in the project. These sizes correspond directly to the degrees of the relevant vertices in the bipartite networks. Both parts-organizations ( fig. 1 ) and projects ( fig. 2 )-of each of the networks feature strongly skewed, heavy tailed size distributions. The sizes of vertices can differ by orders of magnitude, pointing towards the existence of high degree hubs in the networks; hubs of this sort can play an important role in determining the network structure.
The organization size distributions are similar for each of the FPs. The underlying research activities thus have not altered the mix of organizations participating in a particular number of projects in each Framework Program, despite changes in the nature of those research activities over time. In contrast, the rule changes in FP6 that favor larger project consortia are clearly seen in the project size distributions.
Turning to the projection networks, we see that both the organization projection (table 1) and the project projection (table 2) show small-world properties [37] . First, note that the great majority of the N vertices and M edges are in the largest connected component of the networks. In light of this, we focus on paths in only the largest component. The average path length l in each pro- jection network is short, as is the diameter. However, the clustering coefficient [37] , which ranges between zero and one, is high. The combination of short path length and high clustering is characteristic of small world networks. The small-world character is expected to be beneficial in the FP networks, as smallworld networks have been shown to encourage the spread of knowledge in model systems [12] . Additionally, the heavy tailed size distributions of the bipartite networks has a visible effect on the degrees of the projection networks. In each case, the data is quite asymmetric about the mean degree, as seen by examining what fraction of vertices have degree above the mean. The fractions are between 20% and 30%, consistent with the skewed degree distributions (the distributions are shown in references [6, 34] ; the relation between the degrees in the bipartite networks and the projections is explored in reference [6] ).
Community Structure
Of great current interest is the identification of community groups, or modules, within networks. Stated informally, a community group is a portion of the network whose members are more tightly linked to one another than to other members of the network. A variety of approaches [3, 11, 19, 20, 22, 26, 27, 30, 32] have been taken to explore this concept; see references [13, 25] for useful reviews. Detecting community groups allows quantitative investigation of relevant subnetworks. Properties of the subnetworks may differ from the aggregate properties of the network as a whole, e.g., modules in the World Wide Web are sets of topically related web pages. Thus, identification of community groups within a network is a first step towards understanding the heterogeneous substructures of the network.
Methods for identifying community groups can be specialized to distinct classes of networks, such as bipartite networks [5, 21] . This is immediately relevant for our study of the FP networks, allowing us to examine the community 
Modularity
To identify communities, we take as our starting point the modularity, introduced by Newman and Girvan [26] . Modularity makes intuitive notions of community groups precise by comparing network edges to those of a null model. The modularity Q is proportional to the difference between the number of edges within communities c and those for a null model:
Along with eq. (1), it is necessary to provide a null model, defining P ij . The standard choice for the null model constrains the degree distribution for the vertices to match the degree distribution in the actual network. Random graph models of this sort are obtained [10] by putting an edge between vertices i and j at random, with the constraint that on average the degree of any vertex i is d i . This constrains the expected adjacency matrix such that
Denote E (A ij ) by P ij and assume further that P ij factorizes into
leading to
A consequence of the null model choice is that Q = 0 when all vertices are in the same community.
The goal now is to find a division of the vertices into communities such that the modularity Q is maximal. An exhaustive search for a decomposition is out of the question: even for moderately large graphs there are far too many ways to decompose them into communities. Fast approximate algorithms do exist (see, for example, references [24, 31] ).
Finding Communities in Bipartite Networks
Specific classes of networks have additional constraints that can be reflected in the null model. For bipartite graphs, the null model should be modified to reproduce the characteristic form of bipartite adjacency matrices:
Recently, specialized modularity measures and search algorithms have been proposed for finding communities in bipartite networks [5, 21] . These measures and methods have not been studied as extensively as the versions with the standard null model shown above, but many of the algorithms can be adapted to the bipartite versions without difficulty. Limitations of modularity-based methods (e.g., the resolution limit described in reference [17] ) are expected to hold as well.
We make use of the algorithm called BRIM: bipartite, recursively induced modules [5] . BRIM is a conceptually simple, greedy search algorithm that capitalizes on the separation between the two parts of a bipartite network. Starting from some partition of the vertices of type 1, it is straightforward to identify the optimal partition of the vertices of type 2. From there, optimize the partition of vertices of type 1, and so on. In this fashion, modularity increases until a (local) maximum is reached. However, the question remains: is the maximum a "good" one? At this level then a random search is called for, varying the composition and number of communities, with the goal of reaching a better maximum after a new sequence of searching using the BRIM algorithm.
Communities in the Framework Program Networks
A popular approach in social network analysis-where networks are often small, consisting of a few dozen nodes-is to visualize the networks and identify community groups by eye. However, the Framework Program networks are much larger: can we "see" the community groups in these networks? Structural differences or similarities of such networks are not obvious at a glance. For a graphical representation of the organizations and/or projects by dots on an A4 sheet of paper, we would need to put these dots at a distance of about 1 mm from each other, and we then still would not have drawn the links (collaborations) which connect them.
Previous studies used a list of coarse graining recipes to compact the networks into a form which would lend itself to a graphical representation [8] . As an alternative we have attempted to detect communities just using BRIM, i.e., purely on the basis of relational network structure, ignoring any additional information about the nature of agents.
In fig. 3 , we show a community structure for FP3 found using the BRIM algorithm, with a modularity of Q = 0.602 for 14 community groups. The communities are shown as vertices in a network, with the vertex positions determined using spectral methods [35] . The area of each vertex is proportional to the number of edges from the original network within the corresponding community. The width of each edge in the community network is proportional to the number of edges in the original network connecting community members from the two linked groups. The vertices and edges are shaded to provide additional information about their topical structure, as described in the next section. Each community is labeled with the most frequently occurring subject index.
Topical Profiles of Communities
Projects are assigned one or more standardized subject indices. There are 49 subject indices in total, ranging from Aerospace to Waste Management. We denote by f (t) > 0
the frequency of occurrence of the subject index t in the network, with t f (t) = 1 .
Similarly we consider the projects within one community c and the frequency
of any subject index t appearing in the projects only of that community. We call f c the topical profile of community c to be compared with that of the network as a whole. Topical differentiation of communities can be measured by comparing their profiles, among each other or with respect to the overall network. This can be done in a variety of ways [18] , such as by the Kullback "distance"
A true metric is given by
ranging from zero to two. Topical differentiation is illustrated in fig. 4 . In the figure, example profiles are shown, taken from the network in fig. 3 . The community-specific profile corresponds to the community labeled '11. Food" in fig. 3 . Based on the most frequently occurring subject indices-Agriculture, Food, and Resources of the Seas, Fisheries-the community consists of projects and organizations focussed on R&D related to food products. The topical differentiation is d c = 0.90 for the community shown.
Binary Choice Model
We now turn to modeling organizational collaboration choices in order to examine how specific individual characteristics, spatial effects, and network effects determine the choice of collaboration (the theoretical underpinnings are described in reference [29] . We will build upon the survey data and the subnetwork constructed therefrom (section 3). While this restricts us to only 191 organizations, we have considerably more information about these organizations than for the complete networks. Figure 4 : Topical differentiation in a network community. The histogram shows the difference between the topical profile f c (t) for a specific community (dark bars) and the overall profile f (t) for the network as a whole (light bars). The community-specific profile shown is for the community labeled "11. Food" in fig. 3 . The community has d c = 0.90.
The Empirical Model
In our analytical framework, the constitution of a collaboration Y ij between two organizations i and j will depend on an unobserved continuous variable Y * ij that corresponds to the profit that two organizations i and j receive when they collaborate. Since we cannot observe Y * ij but only its dichotomous realizations
Y ij is assumed to follow a Bernoulli distribution so that Y ij can take the values one and zero with probabilities π ij and 1 − π ij , respectively. The probability function can be written as
, where µ ij denotes some mean value. The next step in defining the model concerns the systematic structure-we would like the probabilities π ij to depend on a matrix of observed covariates. Thus, we let the probabilities π ij be a linear function of the covariates:
where the X (k) ij are elements of the X (k) matrix containing a constant and K −1 explanatory variables, including geographical effects, relational effects and FP experience characteristics of organizations i and j. β K = β 0 , β K−1 is the K × 1 parameter vector, where β 0 is a scalar constant term and β K−1 is the vector of parameters associated with the K − 1 explanatory variables.
However, estimating this model using ordinary least squares procedures is not convenient since the probability π ij must be between zero and one, while the linear predictor can take any real value. Thus, there is no guarantee that the predicted values will be in the correct range without imposing any complex restrictions [23] . A very promising solution to this problem is to use the logit transform of π ij in the model, i.e., replacing eq. (12) by the following ansatz :
where we have introduced the abbreviation h ij , defined as
This leads to the binary logistic regression model to be estimated given by
The focus of interest is on estimating the parameters β. The standard estimator for the logistic model is the maximum likelihood estimator. The reduced loglikelihood function is given by [23] log
assuming independence over the observations Y ij . The resulting variance matrix V β of the parameters is used to calculate standard errors.β is consistent and asymptotically efficient when the observations of Y ij are stochastic and in absence of multicollinearity among the covariates.
Variable Construction

The Dependent Variable
To construct the dependent variable Y ij that corresponds to observed collaborations between two organizations i and j, we construct the n × n collaboration matrix Y that contains the collaborative links between the (i, j)-organizations. One element Y ij denotes the existence of collaboration between two organizations i and j as measured in terms of the existence of a common project. Y is symmetric by construction so that Y ij = Y ji . Note that the matrix is very sparse. The number of observed collaborations is 702 so that proportion of zeros is about 98%. The mean collaboration intensity between all (i, j)-organizations is 0.02.
Variables Accounting for Geographical Effects
We use two variables x
(1) ij and x (2) ij to account for geographical effects on the collaboration choice. The first step is to assign specific NUTS-2 regions to each of the 191 organizations that are given in the sysres EUPRO database. Then we take the great circle distance between the economic centers of the regions where the organizations i and j are located to measure the geographical distance variable x (1) ij . The second variable, x (2) ij , controls for country border effects and is measured in terms of a dummy variable that takes a value of zero if two organizations i and j are located in the same country, and zero otherwise, in order to get empirical insight on the role of country borders for collaboration choice of organizations.
Variables Accounting for FP Experience of Organizations
This set of variables controls for the experience of the organizations with respect to participation in the European FPs. First, thematic specialization within FP5 is expected to influence the potential to collaborate. We define a measure of thematic distance x (3) ij between any two organizations that is constructed in the following way: Each organization is associated with a unit vector of specialization s i that relates to the number of project participations N i,1 , . . . , N i,7 of organization i in the seven sub-programs of FP5 6 .
The thematic distance of organizations i and j is then defined as the Euclidean distance of their respective specialization vectors s i and s j , giving x
The second variable accounting for FP experience focuses on the individual (or research group) level, and takes into account the respondents inclination or openness to FP research. As a proxy for openness of an organization i to FP research, we choose the total number P i of FP5 projects in the respondent's own organization, that they are aware of 7 . Then we define
as a measure for the aggregated openness of the respective pair of organizations to FP research. The third variable related with FP experience is the overall number of FP5 project participations an organization is engaged in. Denoting, as above,
as the total number of project participations of organization i in FP5, we define
as the difference in the number of participations of organization i and j in FP5. It is taken from the sysres EUPRO database and is an integer ranging from 0 ≤ x (5) ij ≤ 1,228, resulting from the minimal value of one participation and the maximum of 1,229 participations among the sample of 191 organizations.
Variables Accounting for Relational Effects
We consider a set of three variables accounting for potential relational effects on the decision to collaborate. Hereby, we distinguish between joint history and network effects. The first factor to be taken into account is prior acquaintance of two organizations, and is measured by a binary variable denoting acquaintance on the individual (research group) level before the FP5 collaboration started. It is taken from the survey 8 . By convention, x (6) ij = 1 if at least one respondent from organization i nominated organization j as prior acquainted, x (5) ij = 0 6 EESD, GROWTH, HUMAN POTENTIAL, INCO 2, INNOVATION-SME, IST, and LIFE QUALITY 7 The exact wording of the question was, 'How many FP5 projects of your organization are you aware of?' For multiple responses from an organization, the numbers of known projects are summarized. In cases of missing data, this number is set to zero. 8 The exact wording of the question was, 'Which of your [project acronym] partners (i.e., persons from which organization) did you know before the project began?' otherwise. All other relational factors we take into account in the model are network effects. For conceptual reasons we must look at the global FP5 network, where we make use of the structural embeddedness of our 191 sample organizations.
One of the most important centrality measures is betweenness centrality. Betweenness is a centrality concept based on the question to what extent a vertex in a network is able to control the information flow through the whole network [36] . Organizations that are high in betweenness, may thus be especially attractive as collaboration partners. More formally, the betweenness centrality of a vertex can be defined as the probability that a shortest path between a pair of vertices of the network passes through this vertex. Thus, if B (k, l; i) is the number of shortest paths between vertices k and l passing through vertex i, and B (k, l) is the total number of shortest paths between vertices k and l, then
is called the betweenness centrality of vertex i [15] . We calculate the betweenness centralities in the global FP5 network and include
as a combined betweenness measure. The third variable accounting for relational effects is local clustering. Due to social closure, we may assume that within densely connected clusters organizations are mutually quite similar, so that it might be strategically advantageous to search for complementary partners from outside. Hereby, communities with lower clustering may be easier to access. We use the clustering coefficient CC 1 (i), which is the share of existing links in the number of all possible links in the direct neighborhood (at distance d = 1) of a vertex i. Thus, let k i be the number of direct neighbors and T i the number of existing links among these direct neighbors, then
is the relevant clustering coefficient [37] . We employ the difference in the local clustering coefficients within the global FP5 network for inclusion in the statistical model, by setting
in order to obtain a symmetric variable in i and j.
Estimation Results
This section discusses the estimation results of the binary choice model of R&D collaborations as given by eq. (15) . The binary dependent variable corresponds to observed collaborations between two organizations i and j, taking a value of one if they collaborate and zero otherwise. The independent variables are geographical separation variables, variables capturing FP experience of the organizations and relational effects (joint history and network effects). We estimate Table 3 presents the sample estimates derived from maximum likelihood estimation for the model versions. The number of observations is equal to 36,481, asymptotic standard errors are given in parentheses. The statistics given in table 4 indicate that the selected covariates show a quite high predictive ability. The Goodman-Kruskal-Gamma statistic ranges from 0.769 for the basic and 0.782 for the extended model to 0.786 for the full model, indicating that more than 75% fewer errors are made in predicting interorganizational collaboration choices by using the estimated probabilities than by the probability distribution of the dependent variable alone. The Somers D statistic and the C index confirm these findings. The Nagelkerke's R-Squared is 0.391 for the basic model, 0.395 for the extended model and 0.397 for the full model version, respectively 9 . A likelihood ratio test for the null hypothesis of β k = 0 yields a χ The model reveals some promising empirical insight in the context of the relevant literature on innovation as well as on social networks. The results provide a fairly remarkable confirmation of the role of geographical effects, FP experience effects and network effects for interorganizational collaboration choice in EU FP R&D networks. In general, the parameter estimates are statistically significant and quite robust over different model versions. 9 Nagelkerke's R-squared is an attempt to imitate the interpretation of multiple R-Squared measures from linear regressions based on the log likelihood of the final model versus log likelihood of the null model. It is defined as
where L 0 is the log likelihood of the null model, L 1 is the log likelihood of the model to be evaluated and n is the number of observations. The results of the basic model show that geographical distance between two organizations significantly determines the probability to collaborate. The parameter estimate of β 1 = −0.145 indicates that for any additional 100 km between two organizations the mean collaboration frequency decreases by about 15.6%. Geographical effects matter but effects of FP experience of organizations are more important. As evidenced by the estimate β 3 = −1.477 it is most likely that organizations choose partners that are located closely in thematic space. A one percent increase in thematic distance reduces the probability of collaboration by more than 3.25%. Most important determinants of collaboration choice are network effects. The estimate of β 6 = 4.224 tells us that the probability of collaboration between two organizations increases by 68.89% when they are prior acquaintances. Also network embeddedness matters as given by the estimate for β 7 = 0.161 indicating that choice of collaboration is more likely between organizations that are central players in the network with respect to betweenness centrality.
Turning to the results of the extended model version it can be seen that taking into account country border effects decreases geographical distance effects by about 24% (β 1 = −0.116). The existence of a country border between two organizations has a significant negative effect on their collaboration probability, the effect is slightly smaller than geographical distance effects (β 2 = −0.103). Adding openness to FPs as an additional variable to capture FP experience does not influence the other model parameters much. Openness to FPs, though statistically significant, shows only a small impact on collaboration choice.
In the full model version we add one balance variable accounting for FP experience and network effects, respectively. The difference in the number of submitted FP projects has virtually no effect on the choice of collaboration as given by the estimate of β 5 . An interesting result from a social network analysis perspective provides the integration of the difference between two organizations with respect to the clustering coefficient. The estimate of β 8 = 0.070 tells us that it is more likely that two organizations collaborate when the difference of their cluster coefficients is higher. This result points to the existence of strategic collaboration choices for organizations that are highly cross-linked searching for organizations to collaborate with lower clustering coefficients, and the other way round. The effect is statistically significant but smaller than other network effects and geographical effects.
Summary
We have presented an investigation of networks derived from the European Union's Framework Programs for Research and Technological Development. The networks are of substantial size, complexity, and economic importance. We have attempted to provide a coherent picture of the complete process, beginning with data preparation and network definition, then continuing with analysis of the network structure and modeling of network formation.
We first considered the challenges involved in dealing with a large amount of imperfect data, detailing the tradeoffs made to clean the raw data into a usable form under finite resource constraints. The processed data was then used to define bipartite networks with vertices consisting of all the projects and organizations involved in each FP. To provide alternative views of the data, we defined projection networks for each part (organizations or projects) of the bipartite networks. Additionally, we used results of a survey of FP5 participants to define a smaller network about which we have more detailed information than we have for the networks as a whole.
Next we examined structural properties of the bipartite and projection networks. We found that the vertex degrees in the FP networks have a highly skewed, heavy tailed distribution. The networks further show characteristic features of small-world networks, having both high clustering coefficients and short average path lengths. We followed this with analysis of the community structure of the Framework Programs. Using a modularity measure and search algorithm adapted to bipartite networks, we identified communities from the networks, and found that the communities are topically differentiated based on the standardized subject indices for Framework Program projects.
In the final stage of analysis, we constructed a binary choice model to explore determinants of inter-organizational collaboration choice. The model parameters were estimated using logistic regression. The model results show that geographical effects matter, but are not the most important determinants. The strongest effect comes from relational characteristics, in particular prior acquaintance, and to a minor extent, network centrality. Also, thematic similarity between organizations highly favors a partnership.
By using a variety of networks and analyses, we have been able to address several different questions about the Framework Programs. The results complement one another, giving a more complete picture of the Framework Programs than the results from any one method alone. We are confident that our understanding of collaborative R&D in the European Union can be improved by extending the analyses presented in this chapter and by expanding the types of analyses we undertake.
